Accurately establishing the relationships among individuals lays the foundation for genetic analyses such as genome-wide association studies and identification of selection signatures. Of particular interest to the poultry industry are estimates of genetic merit based on molecular data. These estimates can be commercially exploited in marker-assisted breeding programs to accelerate genetic improvement. Here, we test the utility of a new method we have recently developed to estimate animal relatedness and applied it to genetic parameter estimation in commercial broilers. Our approach is based on the concept of data compression from information theory. Using the real-world compressor gzip to estimate normalized compression distance (NCD) we have built compression-based relationship matrices (CRM) for 988 chickens from 4 commercial broiler lines-2 male and 2 female lines. For all pairs of individuals, we found a strong negative relationship between the commonly used genomic relationship matrix (GRM) and NCD. This reflects the fact that "similarity" is the inverse of "distance." The CRM explained more genetic variation than the corresponding GRM in 2 of 3 phenotypes, with corresponding improvements in accuracy of genomic-enabled predictions of breeding value. A sliding-window version of the analysis highlighted haplotype regions of the genome apparently under selection in a line-specific manner. In the male lines, we retrieved high population-specific scores for IGF-1 and a cognate receptor, INSR. For the female lines, we detected an extreme score for a region containing a reproductive hormone receptor (GNRHR). We conclude that our compression-based method is a valid approach to established relationships and identify regions under selective pressure in commercial lines of broiler chickens.
INTRODUCTION
Prior to computing genetic parameters such as heritability (h 2 ) and estimates of genetic merit, it is necessary to establish patterns of relatedness among individuals in the population. Before the genomics era, this was achieved by knowledge of pedigree, through the numerator relationship matrix (NRM) based on expectation from co-ancestry theory (Wright, 1922) . In the post-genomics era, single nucleotide polymorphisms (SNP) genotype data have been used to produce the genomic relationship matrix (GRM) providing realized relationships based on similarity of genotype profile (VanRaden, 2008) . The use of real molecular genetic data can better characterize genetic similarity when compared to pedigree. First, meiosis is stochastic. This can lead to deviations from expectation in terms of the percentage of DNA inherited from each parent. Second, even very close relatives may not share quantitative trait loci because of recombination, which will cause their phenotypes to differ more than predicted by NRM. Third, pedigree information may be incomplete, leading to gaps in the NRM.
The GRM is typically based on pairwise correlation of SNP among genotyped individuals. However, we have recently developed an alternate approach that estimates similarity based on the concept of data compression (Hudson et al., 2015) . We use the widely available gzip as our real-world compressor (http://www.gzip.org). Essentially, 2 genomes are considered similar if the information contained in one genome can be used to succinctly describe (or recreate) the information present in a second genome. This normalized compression distance (NCD) approach has previously been used to cluster Russian literature by author and musical compositions by genre, among many other diverse examples (Cilibrasi and Vitanyi, 2005) . We recently applied NCD to beef cattle, examining the genetic basis of yearling weight in Brahman and tropical composite populations 3031 Table 1 . Summary information about family structure for each of the 4 populations and the mean in standard deviation units for 3 traits: TRT1, TRT2, and TRT3. (Hudson et al., 2015) . The resulting compression-based relationship matrix (CRM) yielded a trend towards higher phenotype accuracies and lower missing h 2 than GRM, suggesting this new clustering approach has promise in a genetic context, though the absolute difference was small and likely not statistically significant (Hudson et al., 2015) .
Here, we further explore the CRM approach to genetic parameter estimation in commercial populations of broilers, Gallus gallus domesticus. Compared to beef cattle, these birds have very large full-sib family structures. We have examined ∼250 birds from each of 4 different commercial lines: 2 lines (A and B) selected on reproductive traits, and 2 lines (C and D) selected on muscle mass and feed efficiency. We produced a CRM and a GRM for each population and assessed their performance through estimation of genetic parameters and phenotype prediction accuracies. For the phenotypes of interest, we chose 3 that are commercially and environmentally relevant, and also representative of complex traits of moderate h 2 . Finally, we applied a slidingwindow version of the compression analysis whose purpose is to highlight population-specific haplotypes. This is complementary to established genetic methods, as the haplotypes detected by compression efficiency (CE) include regions that 1) are compositionally far more complex than simple runs of homozygosity and 2) may be eliminated by standard approaches because they violate the assumption of Hardy-Weinberg equilibrium.
MATERIALS AND METHODS

Animal Populations and SNP Genotype Resources
We used data from 988 chickens selected from 4 commercial lines of broilers from Cobb-Vantress Inc. -hereon denoted as Lines A, B, C, and D (Table 1 ). Individuals were selected from a much larger population of birds and based on full-sib families to a near balanced design of ∼250 individuals per line. Three traits were used in this study and can be described as body weight recorded at 2 different time points (TRT1 and TRT2), and a feed efficiency trait (TRT3). The mean of TRT1, TRT2, and TRT3 in standard deviation units is reported in Table 1 .
Male (C and D) and female (A and B) lines were generated using a balanced selection approach consistent with traditional broiler breeding programs. Female lines have more emphasis on reproduction traits compared with male lines. However, this does not mean that female lines were selected only for reproduction traits.
All birds were genotyped with a Cobb-Vantress custom-designed chip containing 51,713 SNP distributed genome-wide from previously described resources (Groenen et al., 2009 ).
Pairwise NCD Computation
We used NCD to compare pairs of individuals (x and y) from all 4 lines based on their respective SNP genotypes as follows:
Where: Z(xy) represents the size of the compressed file containing both concatenated SNP genotype sequences to be compared, and Z(x) and Z(y) are the sizes of the compressed file with the isolated SNP genotypes for x and y, respectively. We used gzip to perform the data compression.
Building a CRM from pairwise NCD
Relationship matrices require estimates of similarity, but NCD is a distance or dissimilarity measure. First, we converted the d i,j distance values to equivalent s i,j similarity values using the approach described in Hudson et al. (2015) under the designation "CRM2" as follows:
We have found that this linear conversion method scales the estimates appropriately such that they are grounded in known genetics, i.e., an expectation of relatedness centered on one for self-self pairs, about 0.5 for full sibs, and so on. This implies the resulting relationship matrix is scaled in a manner suitable for the estimation of genetic parameters.
GRM Computation
The construction of the GRM was completed as previously described by the first method of VanRaden (2008):
Where: Z is the (number of animals by number of SNP) matrix of genotypes, and p i is the frequency in the population of the B allele for the i-th SNP. ZZ T represents the number of shared SNP alleles among all pairs of individuals, and the division of ZZ T by 2 p i (1 − p i ) aims at scaling the GRM to make it analogous to the pedigree-based NRM.
Comparing GRM and CRM Variance Components Estimates
We used mixedmodel equations and the Qxpak.5 software (Pérez-Enciso and Misztal, 2011) for the estimation of genetic parameters and the prediction of breeding values for the 3 phenotypes in the 4 populations. The general model was as follows:
Where: y is the vector of the phenotype observations, X in an incidence matrix relating observation in y with the vector of fixed effects in β (i.e., contemporary group comprised of sex, year, and location). The summation goes for r, the number of random components fitted in the model. Z is an incidence matrix relating observations in y with the vector of random additive effects in u r , which are assumed to be normally distributed with zero mean and variance V(u r ) = C r σ 2 ur , where C r is the relationship matrix based on either GRM or CRM, and σ 2 ur is the additive genetic variance associated with u r . Finally, e is the vector of random residual effects assumed to be normally distributed with zero mean and variance V(e) = Iσ 2 e , where I denotes an identity matrix, and σ 2 e is the residual variance. Three models were explored in total, 2 with a single additive effect from either relationship matrix (GRM or CRM), and then one combining information from the 2 matrices.
Accuracies Using the 3 phenotypes, we compared the performances of the 2 models (GRM and CRM) according to the resultant genetic parameters and accuracy of genomic estimated breeding values (GEBV). For the computation of accuracy, we developed a 5-fold cross-validation scheme as detailed next.
From the original dataset of 988 chickens, 5 datasets were generated and, in each, a random 20% of phenotypes was set to missing records and used as validation population. The actual number of records cancelled in validations one to 5 was 201, 207, 198, 196 , and 186. The remaining 80% of records was not altered and used as the calibration or reference population. With 5 crossvalidation replicates available for each of the 3 traits, we computed 15 accuracy values for each model, GRM and CRM. Additionally, 2 measures of accuracy were obtained and termed ACC1 and ACC2. The former ACC1 is computed from the correlation between the estimated GEBV and the phenotype adjusted for fixed effects. The second ACC2 is computed from ACC1 divided by the square root of h 2 . The expectation of ACC2 is the correlation between estimated and true breeding value.
Signatures of Selection
In order to detect signatures of selection and regions of evolutionary interest, we next applied a slidingwindow version of CE as previously described (Hudson et al., 2014) . This approach exploits the sensitive pattern recognition capability of CE to find haplotype blocks that occur in one population but not another. In brief, the population level CE of non-overlapping 100 SNP windows was computed separately for the 4 broiler lines, correcting for heterozygosity (CEh). The experimental design was made up of 2 "independent" lines of male and female populations, whose output could be overlaid. This design helps improve the signal-tonoise ratio in the identification of genetic signatures of selection against background noise emerging from population-specific bottlenecks and other phenomena.
RESULTS
Pairwise NCD Computation
Two birds that cluster together (awarded a short distance) can be assumed to share more genotype patterns than 2 that are farther apart. NCD is a hypothesis-free clustering method, and a range of genotype patterns will be exploited in the assessment of similarity. Observed NCD values in these populations averaged 1.058 and ranged from 0.170 to 1.155. Figure 1 illustrates the strong relationship between CRM and GRM with positive and curvilinear fashion. The population to which each individual pair belongs are color coded, and the populations clearly form coherent clusters. There are also clusters of highly related and highly unrelated pairs that fall out of the main central cluster. Self-self pairs possess a value in the GRM > 1 (Fig. 2 Panel A) . Overall, there is a clear negative relationship between GRM and NCD because similarity (by correlation) is the inverse of distance (by NCD). There are 4 main discrete clusters representing self-self pairs (top right), full sibs (GRM of ∼0.7), half sibs (GRM of ∼0.35), and highly unrelated individuals where the 2 members of each pair are from different lines (bottom left). The GRM values are substantially higher than the basic expectation of 0.5 for full sibs and 0.25 for half sibs. There is a clear gap between half-sib pairwise comparisons vs. full-sib pairwise comparisons by CRM (an NCD value > 0.45 is awarded to full-sib pairs, but not half-sib pairs). This does not appear to be the case for GRM. For example, a GRM of 0.55 applies to a subset of both full-sib and half-sib relationships. Surprisingly, the simultaneous plotting of NCD vs. GRM can discriminate the various lines with reasonable resolution. Unlike most cross-line comparisons, the two female lines (Line A vs. Line B) appear to cluster with the withinline comparisons, implying high genetic relatedness. A single individual was identified as present in all 12 pairs that form a small independent cluster in the bottom left of the plot. These pairs are also all full sibs.
Comparing GRM and CRM
When expressed as averages across all pairwise, GRM and NCD are both in agreement that the lines first can be discriminated from each other (Fig. 2 Panel A) and also that they cluster by the phenotypes under selection (Fig. 2 Panel B) . In other words, femalemale line comparisons in blue are awarded a relatively low similarity and high distance, whereas male-male and female-female line comparisons are more closely related. Table 2 . Estimates of heritability (h 2 ) and accuracies (ACC1 and ACC2) A of genomic estimated breeding values (GEBV) from the model using the GRM or the CRM and the 3 traits (TRT1, TRT2, and TRT3) in a 5-fold cross-validation scheme. 
Genetic Parameter Estimates and GEBV Accuracies
Using the entire data of 988 chickens, the estimates of h 2 for TRT1, TRT2, and TRT3 using the GRM model were 0.362, 0.355, and 0.329, respectively. The equivalent estimates from the CRM model were 0.453, 0.472, and 0.253, respectively. The model with CRM captured more genetic variance than the model with GRM and was awarded higher heritabilities for both TRT1 and TRT2. For TRT3, this observation was reversed. Table 2 presents the estimates of heritability (h2) and accuracies (ACC1 and ACC2) of GEBV from the model using the GRM or the CRM and the 3 traits (TRT1, TRT2, and TRT3) in each of the 5-fold cross-validation datasets. GEBV accuracies are in line with the estimation of genetic parameters: The model with CRM produces higher accuracies for TRT1 and TRT2, but not TRT3.
Signatures of Selection
The genomes of all 4 lines were characterized by a large number of small peaks and a much smaller number of larger peaks (Fig. 3) . These outlier regions with large compression-based peaks have particularly strong population-level scores in these regions. These regions would be predicted to play a role in providing the genetic basis for the phenotypes that have been selected in those populations. We manually explored the outlier regions that were line-specific, i.e., present in both male lines but neither female line, and vice versa (Table 3) . In order to better illustrate the haplotype composition of a key region, we visualized the region around GN-RHR using a heatmap approach where AA is encoded green, AB is black, and BB is red (Fig. 4) . GNRHR was chosen as it encodes a reproductive hormone receptor and received a strong outlier CE score in both female lines that were selected on reproductive performance, but neither male line.
DISCUSSION
Population Clustering
In this work, we have explored a recently developed method for inferring a relationship matrix in the context of commercial broilers. The approach makes use of the concept of NCD for estimating patterns of genetic relatedness across a genotyped population. The global relationship between NCD and GRM is negative as previously reported (Hudson et al., 2015) because similarity is the inverse of distance. Simultaneously plotting NCD and GRM appears to be a useful strategy for discriminating birds into lines. The combination of the 2 metrics provides greater resolution than each taken in isolation, and a number of population clusters are evident. The extremes of the parameter space are occupied by self-self pairs on the one hand and relatively unrelated pairs on the other. The elevation in GRM relatedness above the theoretical expectations for a given kinship self-self pairs, full sibs, and half sibs (i.e. 1, 0.5, and 0.25, respectively) was attributed to the GRM being built across the 4 lines and hence accentuates the within-line relationships as these are more likely to share rare alleles.
Estimation of Genetic Parameters
With regard to TRT1 and TRT2, the CRM appears to explain more of the genetic variance and to produce higher prediction accuracies compared to GRM. For TRT3, this situation is reversed. These results are consistent with our earlier findings with beef cattle where the CRM model yielded a trend towards higher phenotype accuracies and lower missing h 2 than the GRM model (Hudson et al., 2015) . We have now explored CRMs in 2 species (cattle and chickens) and 4 complex phenotypes (cattle yearling weight, chicken weight at 2 time points, and a chicken feed efficiency trait). In all but one case, the CRM has trended towards explaining more genetic variance and producing higher accuracies than the GRM. These results, which taken on an individual case-by-case basis are non-significant trends, continue to imply the CRM has some potential as a complementary strategy to GRM. Table 2 also provides a clear sense of the amount of variation existing within each estimate. For instance, the estimate of h 2 for TRT1 using the GRM model ranged from 0.405 for cross-validation population 5 to 0.485 for cross-validation population 4. The estimate of 0.453 obtained using the entire dataset fits within this range. The same applies for all other estimates in Table 2, i.e., the range covers the estimates obtained using the full data.
However, the interpretation of a heritability estimate obtained from a model using the CRM is indeed a profound question worth pondering. If 2 individuals are deemed highly related (whether by a short NCD or a high correlation-based approach such as the GRM), one would expect them to produce inbred offspring. In this sense, both measures can be considered well anchored in co-ancestry theory. The difference is they use alternate, but complementary, numerical approaches to assess what can be considered similar. Overall, we have found correlational measures (GRM) and informational measures (CRM) of genomic similarity to be highly related by an inverse quadratic relationship. The relationship is inverse because distance is the inverse of similarity. Prior to implementation, we convert NCD into its equivalent similarity using a standard approach. The strength of the relationship between correlation and NCD explains why the estimates of heritability from the CRM model are broadly similar to those derived from the conventional GRM model. Any interpretation further than that is difficult to articulate.
At the same time, it is too early to say whether one method is superior to the other. However, we do know that the correlation analyses are imperfect, which implies to us that it is certainly worthwhile exploring alternatives. For example, computing GRM sometimes returns values that are not consistent with co-ancestry theory, for instance, less than one for diagonals, negative values, parent-offspring less than 0.5, and offdiagonals greater than 2. The reasons for aberrations like these are not clear and could include pedigree and genotype errors. However, it is known that correlation does not deal well with certain types of numerical relationships, such as those that are nonlinear.
Signatures of Selection
In the 2 male lines, the identification of 2 different genomic regions containing serial components of a single functional pathway (IGF-1 and one of its cognate receptors INSR) is compelling. The male lines have been selected on muscle mass. IGF-1 is a well-known regulator of muscle mass whose molecular structure is similar to insulin. It mediates the anabolic effect of growth hormone (Barton, 2006) . This functional pairing seems unlikely to have occurred by chance for 2 reasons. First, it has been detected in 2 independent lines. Second, IGF-1 is one of only 3 proteins to bind the insulin receptor.
Polymorphisms in IGF-1 have been reported to be associated with growth, feeding, and metabolic traits in chickens (Amills et al., 2003; Zhou et al., 2005) . Furthermore, in a completely independent population of broilers derived from Plymouth Rock and Cornish lines, IGF-1 had also been identified as harboring signatures of selection (Stainton et al., 2015) . In the female lines of the current study, which have been selected for reproductive traits, we detected regions containing GNRHR (encoding the receptor for the reproductive hormone gonadotropin-releasing hormone) and FOLH1 (encoding the enzyme that hydrolyzes the reproductively important vitamin folate). Future work could focus on these regions at a higher resolution, sliding the window one SNP at a time in an overlapping fashion. We have previously used this approach to hone in on single genes across human populations, such as the lactase persistence that has independently evolved in northern Europeans and Masaai Kenyans (Hudson et al., 2014) .
CONCLUSIONS
Data compression appears to be a complementary approach for estimating relatedness between individuals, and therefore laying the foundation for downstream calculation of genetic parameters. A compression-based method for detecting complex haplotypes that may be missed by standard genetic approaches also has been implemented.
